radar pulses from the Earth's surface to calculate the normalized backscatter cross section (σ°).
As a Ku-band active micorwave sensor with high incidence angle, QSCAT is strongly sensitive to upper-canopy structure and water content through the canopy dielectric properties (Ulaby et al 1986 , Frolking et al 2011 . The H-polarization data from ascending passes (QSCAT HA) produced at the Brigham Young University (BYU) Microwave Earth Remote Sensing (MERS) Laboratory (Long and Hicks 2010) were used in this study. The original data of South America in Lambert projection were unprojected to a 0.03°×0.07° geographic latitude/longitude Climate Modeling Grid (CMG) with the nearest-neighbor resampling method.
We used various MODIS Collection-5 products, including the 0.05-degree CMG Vegetation Indices (VI) product (Huete et al 2002) , Land Surface Temperature (LST) product (Wan 2008) , and the Nadir BRDF-Adjusted Reflectance (NBAR) product (Schaaf et al 2002 (Schaaf et al , 2010 ) from 2000 to 2009. MODIS data are known for high data quality due to precise radiometric calibration, physics-based atmospheric correction, and multiple re-processing with progressively refined algorithms (Vermote and Kotchenova 2008) . The availability of data quality flags associated with each product enables further processing to alleviate the common problem of optical sensors caused by atmospheric contaminations such as cloud-cover and aerosol. A screening method used in previous studies (Xu et al 2011 , Samanta et al 2010 was applied to generate better-quality VI data less impacted by the atmosphere. For LST data, we considered an observation valid only when the average LST error is less than or equal to 1K (Kelvin). Similarly, low-quality NBAR data with 25% or more fill values were filtered out for further analysis.
The Advanced Very High Resolution Radiometers (AVHRR) aboard a series of NOAA satellites (NOAA 7, 9, 11, 14, 16, 17 and 18 ) have a longer term of observations than MODIS and other satellite sensors. Although the AVHRR sensor has a relatively coarse spatial resolution and wide spectral range, the newly developed Normalized Difference Vegetation Index (NDVI) data set (NDVI3g) from the Global Inventory Modeling and Mapping Studies (GIMMS) was found to have an overall acceptable agreement with MODIS NDVI (Fensholt and Proud 2012, Xu et al 2013) . The AVHRR NDVI3g data set contains NDVI values from 1981 to 2012 in a 15-day interval and an 8-km spatial resolution. It has been corrected for calibration, view geometry, volcanic aerosols, and other effects not related to vegetation change , Pinzon and Tucker 2014 . The monthly composites of NDVI were then calculated from the averages of original 15-day data over the study region from 2000 to 2009.
Tropical Rainfall Measuring Mission (TRMM) satellite data are dedicated to measure tropical rainfall through a suite of microwave and optical sensors with very high revisit frequency based on its low-altitude, non-Sun-synchronous orbit, which yield monthly precipitation amounts to a reasonable accuracy. The dataset "Tropical Rainfall Measuring Mission (TRMM) and Other Data" -3B43 -combines the rainfall estimates from TRMM and other satellites, as well as the global gridded rain gauge data, and provides the monthly precipitation rate at 0.25°×0.25° spatial resolution starting from 1998 (Huffman et al 2007) . We used the latest version (Version 7) of 3B43 product for our study region from 2000 to 2009.
The Downward Surface Shortwave Radiation produced by Clouds and Earth's Radiant
Energy System (CERES) science teams utilizes the CERES measurements aboard NASA's TRMM, and NASA's Earth Observing System (EOS) Terra and Aqua (Minnis et al 2008) . The Level-4 Energy Balanced And Filled (EBAF) Surface product provides global gridded (1°×1°), monthly mean surface fluxes using CERES-derived Top-Of-Atmosphere (TOA) products and calculations based on radiative transfer modeling (Kato et al 2013) . The average uncertainty in the latest version (Ed2.7) of downward shortwave radiation product on land is estimated to be 17
Wm
-2 with an average value of 329 Wm -2 (Kato et al 2012) . Our study used the CERES surface product to learn the seasonality pattern of incoming shortwave radiation and evaluate its impact on the seasonal change of vegetation.
The SIF data contain high-resolution spectral information obtained from the TANSO Fourier Transform Spectrometer (FTS) aboard the Greenhouse gases Observing SATellite (GOSAT) since January 2009 (Hamazaki et al 2005) . With the correction of a zero-level offset in the O 2 A-band region, SIF can be retrieved accurately (Frankenberg et al 2011a) . In addition, the impact of atmospheric scattering and surface albedo is low owing to the nature of the fluorescence retrieval (Frankenberg et al 2012) . SIF is derived from changes of absorption depths of Fraunhofer lines and as such not susceptible to changes in brightness due to clouds or aerosols. Recent studies using SIF data have shown promising results as direct observational evidences quantifying GPP (Frankenberg et al 2011b , Lee et al 2013 . We used the monthly climatology of SIF data from GOSAT (2009-present) in regional studies to evaluate the performance of other remote sensing data sets at a coarser (2°×2°) spatial resolution.
The GPP data set produced by the Max Planck Institute for Biogeochemistry (MPI-BGC) (Beer et al 2010 , Jung et al 2011 was used as a benchmark in this study. This global model product has a 0.5°×0.5° spatial resolution and monthly observations from 1982 to 2011. Unlike other GPP products that are either derived from meteorological data or remote sensing driven, the MPI-BGC GPP is based on direct measurements of eddy-covariance fluxes and upscaled to global coverage using the machine learning algorithm with several explanatory variables, including land cover types, annual changes and monthly variations in satellite-based FPAR, and other meteorological data sets (Jung et al 2011) . We used the GL version data, in which the flux partitioning method was based on Lasslop et al. (Lasslop et al 2010) .
Data Preprocessing. We defined our study region using the MODIS LC product in 0.05-degree CMG, but various satellite or modeled data have different spatial resolutions. The majority resampling method was applied to the LC data so that the valid region belonging to the EBF class can be extracted for each data set. Majority resampling is particularly useful in converting high-resolution images to low-resolution for the LC data set, which is not a continuous variable, by taking the most common class as the representative class of the coarser pixel.
All data sets except the SIF data have monthly observations from 2000 to 2009. A monthly climatology was created for each data set by averaging the data values for each month during this decade, thus producing a sequence of 12 mean observations from January to December. Such monthly averaging for multi-year observations removes the inter-annual variations for further analysis, as we found the heterogeneity pattern created using both interand intra-annual variability (Silva et al 2013) could be more complicated, and difficult to assess the degree of importance between them. All invalid data due to atmospheric conditions or missing observations were not participated into the averaging process, but the number of invalid data was recorded for each pixel to evaluate the quality of our seasonality analysis (e.g. Fig. 
2(d)-(f)).
Retrieval of Seasonality Parameters. We used the TIMESAT algorithm (Jönsson and Eklundh 2004 , Eklundh and Jönsson 2011 , Jönsson and Eklundh 2002 to fill data gaps, smooth the signals and find seasonality parameters. Data gaps formed by invalid data can often cause misinterpretations, but leaving them untouched could lead to even more dramatic errors during spatial averaging process or seasonal averages. For example, the regional average of wet-season vegetation greenness in the Amazon basin could be significantly lower or higher depending only on very few good-quality observations from limited pixels and months due to constant cloud covers in the wet season. The TIMESAT software can alleviate the problem by using the stateof-the-art interpolation method on the time series, and generate a set of seasonality parameters for quantitative analysis as well.
The Asymmetric Gaussian (AG) function was selected as the fitting function in TIMESAT analysis, as it was found better suited for vegetation application (Tan et al 2012) .
Existing monthly climatology data were replicated 3 times (TIMESAT requires time series with at least 3 annual cycles for full parameter retrievals) and fitted to the AG model using ordinary least squares (OLS) pixel by pixel. The retrieved AG model parameters were then used to reconstruct the model-predicted (fitted) time series. Simultaneously, any missing value was filled using the predicted value. TIMESAT also has a feature called "adaption to the upper envelope", assuming that most noise in remote sensing data for vegetation is negatively biased. We used a weak adjustment by setting the "adaptation strength" to be 2 out of 10. The threshold for finding the second peak was set to 0.2 for better fitting, in case of any existence of a weaker second season. Finally, if the monthly climatology has missing values more than 6 (half of the annual cycle), model fitting will not be performed and no seasonality parameter is extracted for that pixel.
A number of key seasonality parameters can be extracted directly from TIMESAT. We focused on the following parameters for seasonality:
(1) Peak level (Peak), defined as the maximum value of the fitted data.
(2) Base level, calculated as the average of the left and right minimum values.
(3) Amplitude (Ampl), calculated as the difference between peak and base levels. During the process of parameter retrievals, we also found pixels with 2 seasons in an annual cycle. This second-season effect cannot be neglected in time series analyses for regional studies (e.g. Fig. S7 ), but we can extract the more important one set of parameters out of two for parameter map displays and comparisons (e.g. Fig. S5 ). The peak level was determined as the higher value from the peaks of 2 seasons. Similarly, the base level was set as the lower value of the 2 bases. Amplitude, peak time and base time were then adjusted accordingly. The 2 sets of SOS and EOS from pixels with 2 seasons were compared with the adjacent 5×5 pixels with only one season. The SOS or EOS time closer to the mean value of one-season SOS or EOS over the 5×5 window was selected as the representative SOS/EOS time. This method was applied line-byline sweeping from bottom to top, so that only one set of seasonality parameters was extracted for each pixel.
Phase shift is another important seasonality behavior when comparing different variables.
We defined the phase shift as the difference in months between the peak or base time of the interested two variables. For example, if the phase shift of NDVI peak to TRMM base is of interest, it should be calculated as the peak time of NDVI minus the base time of TRMM.
Therefore, a negative number of phase shift indicates the NDVI peak ahead of the base of TRMM, while a positive number of phase shift means the NDVI peak after the base of TRMM.
Our major interests in this study were focused on the phase shifts of vegetation seasonality to the climate (Fig. S3 ).
Clustering Analysis. We used the K-Means clustering method (Seber 2004) as the unsupervised learning to classify the Amazonian forests into regions with different seasonality features. It iteratively finds K (number of clusters) centroids, such that the sum of distances from observations to the centroid in each cluster can be minimized:
Here C = {C k , k = 1,…,K} is the set of K clusters, µ Ck is the calculated centroid of cluster C k , and
is the distance measure between the ith pixel and the centroid. K-Means is suitable for large datasets, and can partition the data into clusters with similar size (Jain 2010) , unlike other methods such as the Gaussian mixture models or similarity-based algorithms (Hastie et al 2009) that could have different weights for each cluster. Therefore, the data of each centroid can well represent the mean/median feature of each region, and none of pixels in each region would be more similar to centroid features of other regions. K-Means has been successfully applied to ecological research (Kumar et al 2011 , Kreye et al 2013 , in which the seasonality features of each cluster are required to be similar. We measured the Manhattan metric (L 1 ) instead of the Euclidean distance (L 2 ) to make the clusters more compact and less sensitive to outliers of highdimensional data (Seber 2004 , Aggarwal et al 2001 .
We used the normalized monthly climatology of gap-filled LST, NIR and QSCAT as observational data:
where A indicates the best choice of cluster number K, while the Davies-Bouldin index measures the ratio of the within cluster scatter to the between cluster separation and the best choice of K now falls onto the minimum value. These indices from earlier work are computationally efficient, and perform quite well in general (Petrovic 2006 , Milligan and Cooper 1985 , Tibshirani et al 2001 .
Interpretation of Clustering Results. We further interpreted the cluster results using the principal component (PC) analysis ( variations. Given that the base information could have a major influence on our clustering results, we reassessed the clustering using only annual mean ( Fig. S2(a) ) and monthly anomalies ( Fig. S2(b) ) (monthly climatology minus annual mean), and found major similarities between clustering results of annual mean and monthly climatology (Table S1 ), while the result from monthly anomalies is visually different, implying a minor effect of relative intra-annual variability on the overall Amazon seasonality. Although the result from monthly anomalies appears to be more spatially correlated, w cannot regard this result as the more reliable seasonality picture in ecological research, as absolute values (e.g. Fig. 3 (a) and 3(c)) of our observations determine the vegetation behavior in a nonlinear way. To enhance the minor effect of relative intra-annual variations, we clustered the observations into 20 classes (Fig. S2(c) ) using the same set-up of K-Means algorithm, such that the map emphasizes more on the separability due to intra-annual variation, e.g. the east-west separation of class 2 ( Fig. 1(a) ), and the north-south separation along the Amazon/Purus Rivers. But since these cluster numbers are not statistically optimized, we only focused on the 9-pheno-region map ( Fig. 1(a) ) in further analyses.
We can quantitatively evaluate how the relative intra-annual variations contribute to the clustering map in terms of spatial autocorrelation (Table S1 ). Clark-Evans test (Clark and Evans 1954) was used to test the spatial randomness, in which negative Z-scores are indicative of patterns more clustered than random. We also tested the spatial autocorrelation using the firstorder spatial autoregressive (FAR) model (LeSage and Pace 2009):
where W is the spatial weight matrix usually taken from the first-order contiguity matrix, and the parameter ρ is the coefficient on the spatially lagged term Wy. The regression result of this model shows the degree of variation that can be explained by the spatial autocorrelation itself.
Sensitivity Analysis. Sensitivity analysis (SA) is a mathematical tool quantifying the output uncertainty associated with each input variable. It is particularly useful in our study, as all satellite observations exhibit some correlations with the GPP estimation, but with large uncertainties (Fig. 3) 
where Y is the response variable (in our study we focused on GPP), (X 1 , X 2 , X 3 , …) are input variables (satellite observations, including QSCAT, AVHRR and MODIS data) that are expected to have some explanatory power to the GPP estimation, (β 1 , β 2 , β 3 , …) are regression coefficients, and ε is the statistical error. Such simple statistical model relates the output values to a linear combination of input factors based on existing data, so that the regression coefficient (β) for each input can be used as the sensitivity measure, while the model coefficient of determination (R 2 ) detects the degree of non-linearity (Saltelli et al 2004) . Although non-linear effects and/or variations caused by other factors that are not reflected from our inputs can always exist in the complicated ecosystem, this fast and efficient statistical practice can not only give us the first-order ranking of the variable importance to the outcome, but also provide the direction of the impact on the outcome (positive/negative signs) for each input variable (Saltelli and Annoni 2010) . To perform the MLR method without the impact of data units, the input variables were standardized, so that each of them should have "0" mean and "1" standard deviation. S12 ). Therefore, we used these 3 signals as inputs to the RF model for GPP predictions in from monthly climatology is 2 times larger than the inter-annual variation, we consider it a significant seasonal change, as the seasonal amplitude is larger than the range of inter-annual change for more than half a year (Fig. S4 ).
SI Discussion:
General description of study regions. We defined 7 rectangular regions for studies of vegetation seasonality based on the clustering map ( Fig. 1(a) ). Each region exhibits a unique climate pattern and corresponding vegetation seasonality.
Region 1 is to the southeast of Amazon, characterized by a vast area of seasonal forests.
This is the transitional zone of tropical forests right next to the savanna and pasturelands with long EDS. The lowest monthly rainfall in this region can be merely 20 mm/month in July, while it also recovers quickly with a sharp increase to the highest rainfall in Feb at around 340 mm/month. This is also a region with high potential of rainfall decline and increasing drought vulnerability (Malhi et al 2008) . Consequently, the dry climate induces a high risk of wildfire in , consistent with our findings in satellite observations ( Fig. S7(a) ).
Region 2 is a dense forest region in southwestern Amazon with an average of 3-5 months' EDS period. This region has less seasonal variation in rainfall than regions 1, while the radiation seasonal variation is moderate. From the QSCAT seasonality map (Fig. S5) (Rowland et al 2014b) , and total productivity is high in wet season, driven mainly by the large seasonality in NPP (Malhi et al 2014) . However, we notice that the exact location of the site is within the pixel of class 3 (Table S2) , though the dominant class of a 5x5 window is class 2. It could be the geolocation error that makes the ground measurements more similar to the overall pattern of region 2, or there may be some inconsistencies between the satellite observation and ground measurements due to different spatial resolutions. In any case, the in-situ measurements are less representative for a larger area due to the local heterogeneity. Two plots recently monitored in Santa Cruz, Bolivia (16.02°S, 62.73°W) also belong to class 2, but with less ambiguity. Both of them show strong seasonality with peaking in the wet season and being minimum in the dry season (Araujo-Murakami et al 2014). There is another vast area in the Eastern Amazon classified into the same cluster as region 2. It is interesting that the east and the west share the same characteristics in all signals of LST, NIR and QSCAT ( Fig. S11(a) vs. Fig. 2(a) ), except that the eastern part is likely to be one-month ahead in seasonality of selected region 2.
Region 3 is in the central Amazon -a humid region with moderate seasonal variation in rainfall. It is in the center of the Amazon River drainage basin (the lowest region in elevation out of all 9 regions), which could be more affected by the surface hydrology, as several major tributaries, such as Rio Negro, Purús, Japurá, and Jaruá, all join the main stem of the Amazon located in a pixel belonging to class 1, within a rather heterogeneous local region to the east of our defined region 3 with various pixels from classes 1 and 3, and other non-EBF pixels. The extracted time series from the half-degree pixel (Fig. S11(c) ) show that all 3 satellite signals, as expected, are more similar to the mean curves of region 1 instead of region 3, except that the NIR curve has a major peak in the dry season. Similar to the Tambopata field site in Peru, studies in such heterogeneous region may result in inconsistent observations either from ground or in space due to different spatial resolutions. For example, the observation from the GOSAT fluorescence sensor in 2-deg spatial resolution shows only the peak in the wet season, while the NIR or the MPI-BGC GPP data set aggregated in half-degree resolution shows a much earlier rise in signal during the dry season ( Fig. S11(d) ). Such inconsistent result shown at pixel level further confirms the problem of local heterogeneity.
Region 4 is another humid study area located in the western Amazonia. The region is covered with lowland terra firme and large areas of inundated forests, palms and herbaceous vegetation, and very productive forests of eastern Andean sub-montaine regions. The range of rainfall seasonal change is from 180 to 310 mm/month. It is of particular interest, as the TRMM data show large inter-annual variations, resulting in no significant seasonality. QSCAT also confirms the lack of seasonality of canopy water content (Fig. S4 ). But radiation still exhibits significant seasonal changes. Both regions 3 and 4 show similar dry-season rising NIR, the peak of which is close to the LST peak ( Fig. 2(b Region 6 is located at the eastern part of the Guiana Shields. With mean elevation around 300 to 400 meters, this region is well above the low and flat central Amazon Basin to the southwest and is distinct from others because of its high peak and large amplitude of radiation seasonality. The region is covered with old relic forests with low productivity and high biomass (Saatchi et al 2011) . Compared to other regions, precipitation has moderate seasonal change and a short ecological dry season (<100 mm/month). However, incoming solar radiation has a unique feature, with a peak of near 260 Wm -2 compared to the peak of around 220 -230 Wm (Rowland et al 2014a) . The Guyaflux tower measurements at the same location also confirm that incident radiation is the key factor influencing the seasonal variations in GPP at the tower site (Bonal et al 2008) , possibly due to the deep rooting system for water access, unlike the Ji Paraná, Rondônia site in southwestern Amazon (region 1) characterized by shallow roots with less than 3.5-meter depth (Verbeeck et al 2011) . Nevertheless, the local environment of this field site is also heterogeneous, and it may be either a coincidence, or good data quality control, such that the field measurements agree well with the general pattern of our region 6.
Region 7 is mainly located on the western part of Guiana Highlands with high elevation, across the border of Brazil and Venezuela. This region is characterized by high rainfall with strong seasonal amplitude, and moderate radiation with moderate amplitude. The monthly total rainfall in this region ranges from 100 to 380 mm/month, which is the second largest amplitude out of the 7 regions. However, the large swing of rainfall does not necessarily cause a large variation in vegetation growth. Observations show that both LST and NIR have 2 seasonal cycles annually (Fig. S8) , probably due to high humidity that never limits the growth of vegetation.
QSCAT and GPP Relationship. The relationship between QSCAT and GPP is complex and stem from spatial heterogeneity of the forest structure and terrain. As Ku-band microwave scatterometer is an active sensor with incidence angle of 46° at H-polarization (Long and Hicks 2010) , the transmitted energy mostly interacts with the surface of forest canopy with penetration ranging from 1-10 m depending on how dense the canopy is (Saatchi and McDonald 1997) . Thus QSCAT radar backscatter can vary for the same canopy water content but different canopy surface roughness caused mainly by terrain topography within the large footprint of scatterometer (Saatchi et al 2013a) .
The terrain effect can be clearly seen from the annual peak values in QSCAT along the Andes or other topographically complex region, while the canopy water content may also have a major influence on the peak QSCAT for the humid western Amazon (Fig. S5) . Thus the absolute values of QSCAT contain mixed information that is hard to disentangle. However, the seasonality of the backscatter amplitude is solely related to the changes of water content and is the most reliable data to use when addressing the seasonality of the Amazon forest. The seasonal amplitude (relative change from the annual mean) contain more seasonality information of canopy water content, as there is no change of terrain topography and approximately no significant change canopy surface roughness over seasonal cycles. QSCAT backscatter may have small spatial variations over the Amazon basin because of the dense forest canopy and low sensitivity of signal at small wavelengths, but the temporal variations of QSCAT does not show any effect of signal saturation, providing seasonal variations of the water content in forest canopy. The amplitude of QSCAT seasonal variations is large in areas with distinct dry season and small in areas that are continuously wet such as the areas in Central Amazon (e.g. Fig. 2(b) and 2(c)). The backscatter values are relatively higher in hilly terrain that must be taken into account when comparing the backscatter magnitude between two regions with similar seasonal amplitudes (e.g. Fig. 2(a) ).
NIR and GPP Relationship. We selected the NIR surface reflectance instead of VI data in the dense tropical forests as the proxy of "illuminated" canopy structure. The consideration is two-fold: (1) We need to compromise the different mechanisms contributing to GPP from either the canopy-level structure or the leaf-level albedo changes; (2) We take the illumination condition into account as it also influences the GPP change.
The NIR reflectance has been used as an indicator of forest productivity in Amazon for a long time (Roberts et al 1998 , Doughty and Goulden 2008 , Asner and Alencar 2010 , Samanta et al 2012 . Spatially, it is better at capturing canopy structure information than other spectral bands. Especially for dense forests, NIR reflectance is highly correlated with the fraction of leaves seen by the satellite sensor, while the contribution from leaf-level optics is subdued (Toon and Pollack 1976, Alexandrov et al 2008) . Therefore, NIR in dense forests, after removing BRDF effect (Li et al 1999 , Schaaf et al 2010 , is a better candidate as GPP indicator. As expected, our data-driven analysis proved that NIR has a strong and positive relationship to GPP estimation ( Fig. 3(b) ), whereas NDVI shows the weakest sensitivity. This finding indicates that the structural change reflected from the NIR band cannot suppress the changes in Red band, which are primarily caused by changes in leaf optical properties in the Amazonian forests. NDVI is superior in detecting changes of vegetation productivity only when the changes of structure (such as more LAI) can be captured by the difference between the highly reflective near-infrared (NIR) spectral band and the Red spectral band that has a strong absorption feature by chlorophyll. But basin-wide sensitivity analysis shows that the NDVI change is in fact dominated by the change of Red band reflectance (Fig. S12(c) ), indicating that NDVI could be a poor surrogate for GPP seasonality in dense forests. We also found that NDVI has the least sensitive and negative first-order relationship to GPP, when trained together with LST and QSCAT ( Fig. S12(a) ). Meanwhile, the NIR-dominated EVI (Fig. S12(d) ) is shown to be a better index in the Amazonia than the Red-dominated NDVI, which has been well documented (Huete et al 2006 , Samanta et al 2012 .
There is also a concern that satellite observations of NIR reflectance can only capture the illumination condition rather than the canopy structure (Galvão et al 2011 , Moura et al 2012 , Morton et al 2014 . Although it could be true that illumination effect alone can cause the change in NIR with constant forest structure, the studies did not deny the fact that the rising NIR can be indicative of the FPAR increase (Morton et al 2014) , and can be due to a reduction in shaded fraction (Moura et al 2012) . From the light-use-efficiency (LUE) model of GPP (Monteith 1972 , Running et al 2004 , simply the FPAR increase can cause an increase in GPP estimation if other conditions remain the same. The more refined model -two-leaf multi-layer model (Kotchenova et al 2004 , Bonan et al 2012 -further demonstrates that an increase in sunlit fraction (or reduction of shaded fraction) can increase the total photosynthesis rate. Therefore, we refer to NIR as the proxy of "illuminated structure", because both illumination and structure changes can influence the NIR reflectance, and more importantly, both of them can reflect the GPP change.
Here, we provided extra tests to show that the GPP seasonality exists in the Amazon region regardless of the illumination condition, and follows consistently with the optical observations. We picked the driest (region 1) and one of the wettest (region 4) regions in our study area, and compared the radar measurements from QSCAT, which is an active sensor with no view-illumination effect (Frolking et al 2011 , Saatchi et al 2013b , and the fluorescence measurements (SIF) from GOSAT, which has been considered as a direct measurement of photosynthetic activity (Frankenberg et al 2011a , Lee et al 2013 . Results show that SIF is completely in phase with QSCAT in the dry region, indicating that vegetation growth is under water stress ( Fig. S13(a) ); On the contrary, SIF signal is simply the opposite of QSCAT in the wet region, where the humid forests are radiation-controlled ( Fig. S13(b) ). The findings of QSCAT are understandable and show distinct patterns of seasonality in both water-stressed and radiation-controlled regions. NIR reflectance, though criticized as passive optical observation with illumination effect, is in phase with SIF almost in all regions during the dry season ( Fig. 2 and Fig. S7 ). And interesting, the white-sky albedo (WSA) product accompanying with the MODIS NBAR product (Schaaf et al 2010) shows almost exactly the same change as NIR ( Similarly, the negative signs indicate that the peak or base time of the first variable is earlier than the peak or base time of the second variable. and monthly mean downward surface shortwave radiation from region 1 (a) to region 7 (g).
Precipitation and radiation data are from TRMM and CERES products respectively. Shaded areas are the periods of EDS (monthly rainfall < 100 mm). SI Tables: Table S1 : Characteristics of the 9-cluster result shown in Fig. 1(a) . Table S2 : Information of forest field sites shown on the map of Fig. 1(a) . The numbers in Pheno-region corresponds to the 9-cluster map shown in Fig. 1(a) , and the numbers in Nearest Pheno-regions are all possible classes found within a 5x5 grid box in the 0.05-deg cluster map where the site is located within the central pixel. Class "0" represents the invalid pixels.
Additional discussions in SI Text. 
